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Abstract
The evolutionary selection forces acting on a protein are commonly inferred using evolutionary codon models by contrasting the rate of synonymous to nonsynonymous substitutions. Most widely used models are based on theoretical assumptions and ignore the empirical observation that distinct amino acids differ in their replacement rates. In this paper, we develop a general method that allows assimilation of empirical amino-acid replacement probabilities into a codon substitution matrix. In this way, the resulting codon model takes into account not only the transition-transversion bias and the nonsynonymous/synonymous ratio, but also the different amino-acid replacement probabilities as specified in empirical amino-acid matrices. Different empirical amino-acid replacement matrices, such as secondary-structure-specific matrices or organelle-specific-matrices (e.g., mitochondria, chloroplasts), can be incorporated into the model, making it context dependent. Using a diverse set of coding DNA sequences we show that the novel model better fits biological data as compared with either mechanistic or empirical codon models. Using the suggested model, we further analyze HIV-1 protease sequences obtained from drug treated patients, and reveal positive selection in sites which are known to confer drug resistance to the virus.
INTRODUCTION
A multiple sequence alignment combined with the underlying phylogenetic tree and a model of sequence evolution allow inference of the evolutionary selection forces acting on a protein. While amino-acid evolutionary models are restricted to computing the purifying selection acting on each site (e.g., Gaucher et al. 2002; Pupko et al. 2002; Susko et al. 2002; Mayrose et al. 2004) , codon evolutionary models can be used to compute both purifying and positive Darwinian selection Yang and Nielsen 2002; Yang and Swanson 2002; Massingham and Goldman 2005) . This is usually done by contrasting the rate of neutral evolution as estimated by synonymous (silent) substitutions to the rate of nonsynonymous (amino-acid altering) substitutions. Formally, the ratio of the nonsynonymous substitutions rate (Ka) to the synonymous substitutions rate (Ks) is estimated. Sites showing Ka/Ks values significantly lower than 1 are regarded as undergoing purifying selection and therefore may have a functionally or structurally important role. Sites showing Ka/Ks values significantly higher than 1 are indicative of positive Darwinian selection, suggesting adaptive evolution (e.g., Sharp 1997; Akashi 1999; Hurst 2002) .
Methods used for inferring Ka/Ks ratios are constantly being developed (Li, Wu, and Luo 1985; Wong et al. 2004; Tang and Wu 2006) . Widely-used models take into account factors such as different probabilities for transitions and transversions, codon bias and among-site rate variation (Goldman and Yang 1994; Muse and Gaut 1994; Nielsen and Yang 1998; Yang et al. 2000) . In addition, while previous methods inferred a global Ka/Ks value for the entire sequence or for subsequences using a sliding window approach (Fares et al. 2002; Berglund et al. 2005) , recent methods estimate the Ka/Ks ratio per amino-acid site (Yang 2002; Suzuki 2004b ). This enables 3 the detection of single sites that undergo positive selection despite a low global Ka/Ks value for the entire protein. Goldman and Yang (1994) and Muse and Gaut (1994) developed codon-based evolutionary models for inferring the Ka/Ks ratio. These models are mechanistic, i.e., they include parameters for the transition-transversion bias, the codon frequencies and, in the case of the Goldman and Yang (1994) model, also for the different replacement probabilities between amino acids based on the Grantham (1974) physicochemical distance matrix. Nielsen and Yang (1998) and Yang et al. (2000) further developed mechanistic Bayesian models that assume a prior distribution of Ka/Ks ratios. However, unlike the model of Goldman and Yang (1994) , these models ignore the fact that distinct amino acids differ in their replacement rates. Thus, these models will give the same probability for a tryptophan codon changing into a leucine codon (UGG UUG), as for a phenylalanine codon changing into a leucine codon (UUU UUG) since they both require one transversion. However, according to empirically derived amino-acid based replacement matrices, such as the JTT matrix (Jones, Taylor, and Thornton 1992) , the latter event should be about five times more likely than the former. Recently, Sainudiin et al. (2005) and Wong, Sainudiin, and Nielsen (2006) have developed mechanistic Bayesian codon models in which amino acid physicochemical properties are explicitly taken into account. In these models, codons are partitioned according to a predefined physicochemical property, such as polarity or charge. The difference in this property between two codons dictates their substitution probability. In this way, specific physicochemical selective pressures acting on a protein can be modeled. This approach, however, is limited as it only allows a single partition per model. Empirical amino-acid replacement matrices (e.g., Dayhoff, Schwartz, and 4 Orcutt 1978; Jones, Taylor, and Thornton 1992; Adachi and Hasegawa 1996; Whelan and Goldman 2001) are extensively used in various kinds of protein sequence analyses such as multiple sequence alignment tools (Thompson, Higgins, and Gibson 1994) , homologous searches (Altschul et al. 1997) , and phylogeny reconstruction (Kumar, Tamura, and Nei 2004) . In such empirical matrices, the parameters of the replacement probabilities are estimated from large datasets of protein sequences and are then assumed to be fixed when these matrices are applied to a specific protein.
However, when one considers codon-based data, estimating empirical codon matrices requires a substantial amount of data and accurate inference of thousands of parameters (since they involve an alphabet size of 61). Recently, Schneider, Cannarozzi, and Gonnet (2005) estimated an empirical codon substitution matrix from a large number of coding datasets as an alternative to parameterized models. The empirical matrix is constructed from five metazoan genomes and thus most accurately describes the evolution of these species. There is tradeoff between using parameter rich models, which better fit the data under study, but can risk over-fitting, and nonparameterized models, which have no free parameters but can risk under-fitting. The empirical matrix is a conservative approach of the latter type, which assumes one general matrix for all genes. This implies one Ka/Ks ratio as well as the same transition-transversion bias for all genes.
Here we suggest the construction of a combined codon model that, on the one hand, assimilates empirical amino-acid replacement probabilities, and on the other hand takes into account theoretical assumptions (such as the transition-transversion bias, different codon frequencies, and different selection forces acting within and among genes). Different empirical amino-acid replacement matrices have been developed. For instance, mitochondrial proteins contain a high proportion of hydrophobic residues (Naylor, Collins, and Brown 1995) and are mostly membranous (Adachi and Hasegawa 1996) . Thus, the use of a specific replacement matrix such as the mtREV matrix (Adachi and Hasegawa 1996) has been shown to better describe mitochondrial proteins than the more general replacement matrix JTT (Jones, Taylor, and Thornton 1992) . Other context-dependent empirical amino-acid probabilities matrices were developed for e.g., secondary structures (alpha helices, beta sheets and loops) (Koshi and Goldstein 1995) and for transmembrane and non-transmembrane domains (Jones, Taylor, and Thornton 1994) . These matrices as well as other contextdependent empirical amino-acid models can be integrated into the combined codon models to create "context dependent codon models". Such models are more realistic and may have a substantial effect on the accuracy of the Ka/Ks estimates and on phylogeny.
The JTT (Jones, Taylor, and Thornton 1992) , the vertebrate mitochondrial (mtREV) (Adachi and Hasegawa 1996) and the chloroplast (cpREV) (Adachi et al. 2000 ) empirical amino-acid matrices were used to construct three such codon-based models. Twenty-seven nuclear, viral, mitochondrial, and chloroplast genes were analyzed to evaluate which of the models (mechanistic, empirical or our mechanisticempirical combined model) better fits protein datasets. We show that the suggested figure 1) . However, as is evident from figure 1, each substitution should be weighted differently based on two theoretical parameters (transition-transversion bias and codon frequencies), as we will now formulate.
Let A represent the empirical amino-acid replacement matrix and Q * the derived codon-based matrix. The basic assumption is that the infinitesimal replacement rate between two amino acids is the sum of such rates between all the codons coding for these two amino acids, weighted by the relative frequencies of those amino acids and codons. This assumption was previously pointed out by Yang, Nielsen, and Hasegawa (1998) given by the following equation (for l ≠ s): ) and differ x is arbitrarily set to one.
To account for different selection strengths (Ka/Ks), the nonsynonymous substitutions in Q * are multiplied by a factor ω which determines the intensity of selection. The resulting matrix Q ' represents the infinitesimal codon-substitution rate and is given by the following equations:
For l≠s: 
Selection + Neutral Model
Since the model described above is based on an empirical amino-acid replacement model, different pairs of codons obtain different replacement probabilities depending on the amino acids they code for. As a result, the model implicitly assumes selection.
In other words, in a neutral model all the x factors in equation (2) should be equal for all pairs of amino acids. This cannot be reached regardless of the value of ω. In order to create a model which allows also neutral evolution, we combine the above "selection model" with a model which assumes no selection, i.e., a model in which all the x factors are set to one. Under the latter model, the substitution is specified by: 
t r , t v ,t rr , t vv , t rv , t sub , and π s are the parameters as before.
This selection + neutral model assumes a probability f for the selection matrix opposed to the mechanistic model described by Nielsen and Yang (1998) , which we denote as the M model. We refer to the empirical model (Schneider, Cannarozzi, and Gonnet 2005) as the E model.
Empirical Bayesian Estimation of Ka/Ks
Common to other mechanistic models, the free parameters of the model are estimated from the data being analyzed. Here, the evolutionary times (branch lengths), the transition-transvertion parameters (t r , t v ,, t rr , t rv , t vv , and t sub ) and the parameter f are assumed to be identical over all sites and are estimated using the maximum likelihood (ML) paradigm. The parameter ω is assumed to vary among sites, and thus a prior statistical distribution accounting for heterogeneous ω values among sites is used. The parameters of this distribution are also estimated using the ML methodology. We note that any modification of a free parameter necessitates recomputing the x factors so that equation (1) holds.
Here, two different prior distributions over ω are assumed, either a gamma distribution or a beta+ω distribution (which assumes that the ω values for a proportion p 0 of the sites is distributed beta(p,q), while the remaining proportion 1-p 0 is assigned an ω value higher than 1). These distributions, known as the M5 and M8 models, respectively, were suggested by Yang et al. (2000) . After all the parameters are estimated, an empirical Bayesian approach can be used to infer ω for each site. Here, K=10 discrete categories are used to approximate the continuous gamma or beta distributions, where all categories have equal prior probabilities 1/K. The posterior probability that a specific site is from category k is:
where T denotes the tree topology and branch lengths, θ denotes all the free parameters (t r , t v ,, t rr , t rv , t vv , t sub , f, and the parameters of the prior ω distribution).
ω θ is calculated from the phylogenetic tree and branch lengths using Felsenstein's pruning algorithm (Felsenstein 1981) , and ( ) i P ω is the prior probability of ω i .
The Ka/Ks ratio is a function of ω. Once ω is specified, Q is defined and the Ka/Ks ratio can be calculated as described by Goldman and Yang (1994 
Sites for which the expected values are larger than 1 and the posterior probability of Ka/Ks >1 is higher than 95% are considered as undergoing positive selection.
Model Comparison
All datasets conducted in this study were analyzed with the MEC, M (M8 and M5),
and E codon models. For the MEC model we considered three empirical replacement 11 amino-acid probabilities matrices depending on the data analyzed: JTT (Jones, Taylor, and Thornton 1992) for nuclear and viral proteins, mtREV (Adachi and Hasegawa 1996) for mitochondrial proteins, and cpREV (Adachi et al. 2000) for chloroplast proteins, denoted by MECjtt, MECmt, and MECcp, respectively.
The MEC model presented here differs from the M model in that it allows instantaneous substitutions between pairs of codons that differ at two or three codon positions and in its ability to take into account the different replacement probabilities between amino acids. In order to evaluate the specific contribution of allowing instantaneous substitutions between codons differing in more than one nucleotide, we also compare the MEC, E, and M models to a variant of the M model, which allows such substitutions. Formally, this model is represented by the 0 Q matrix as in equation (5), with the inclusion of ω as in equation (3). We refer to this model as the
The log-likelihood values obtained for each dataset under the different models can be compared to test which model (MEC, M, M+, or E) best explains the data. The likelihood ratio test (LRT) is commonly used in order to test whether a certain model fits a particular dataset significantly better than another model. However the LRT is applicable only when two models are nested, which is not the case here. We thus used the second order Akaike Information Criterion (AIC c ) (Akaike 1974) , defined as:
where L is the likelihood, p represents the number of free parameters, and N represents the sequence length.
Datasets
Nuclear and viral datasets:
Thirteen datasets of protein-coding genes were analyzed. Nine multiple sequence alignments and tree topologies were taken from Yang et al. (2000) (referred to as D2
,D3, D4, D6, D7, D8, D9, D10 in this paper). Here, we renamed these datasets as D1-D8, respectively. Two datasets from Yang and Swanson (2002) were analyzed: the human class I MHC and the abalone sperm lysine genes, denoted here as D9 and D10, respectively. Three additional datasets of the protein phosphatase 2C (PP2C) superfamily were analyzed (Stern et al., in press ). The PP2C proteins are Mg 2+ /Mn 2+ dependent serine/threonine phosphatases, which are essential for regulation of cell cycle and stress signalling pathways in cells (Sun and Tonks 1994; Hanada et al. 2001 ). Each of the three datasets represents a pair of paralogous PP2C genes that were chosen since they are believed to be the result of a relatively recent duplication event (Stern et al., in press) . Following is a description of these three PP2C datasets:
PP2Cα and PP2Cβ, denoted by D11, include two paralogous groups from different organisms: six sequences of PP2Cα (rat, human, mouse, bovine, chimpanzee, and rabbit) and five sequences of PP2Cβ (rat, human, mouse, bovine, and chimpanzee).
PP2Cζ and PPM1H, denoted by D12, include two paralogous groups from different organisms: eight sequences of PP2Cζ (human, chimpanzee, mouse, rat, dog, tetraodon, fugu, and cow) and nine sequences of PPM1H (human, chimpanzee, chicken, mouse, rat, dog, zebrafish, frog, and tetraodon).
POPX-1/FEM2 and POPX-2, denoted by D13, include nine sequences of POPX-1/FEM2 (human, chimpanzee, dog, chicken, mouse, rat, fugu, frog, and 13 zebrafish) and ten POPX-2 sequences (human, chimpanzee, dog, chicken, mouse, rat, zebrafish, frog, tetraodon, and fugu).
Mitochondrial datasets:
Twelve mitochondrial protein-coding genes (cox1, cox2, cox3, cytb, nd1, nd2, nd3, nd4, nd4l, nd5, atp6, and atp8) from 20 organisms were analyzed. These datasets as well as the tree topology were taken from a previous study by Cao et al. (1998) .
Chloroplast datasets:
Two chloroplast genes, rbcL and matK , were analyzed. These datasets are a subset of the data analyzed by Kato et al. (2003) (the archaeal sequences were excluded).
HIV protease:
A dataset of human immunodeficiency virus type 1 (HIV-1) protease
sequences was used to demonstrate the ability of the new model to infer site specific selection forces following drug treatment. Twenty two sequences were of patients that were treated with Amprenavir (APV) were extracted from the Stanford HIV Drug
Resistance Database (http://hivdb.stanford.edu/). The multiple sequence alignment is available as supplementary material.
RESULTS
Comparisons of Nuclear and Viral Genes
When comparing the fit of the different models to biological datasets, twelve out of the thirteen tested datasets showed a significant improvement in the log-likelihood under the MECjtt model as compared with the M model for the beta+ω prior distribution (Table 1) . Similar results were obtained when the gamma distribution was 14 assumed, but in this case, MECjtt was significantly higher only in eleven out of the thirteen datasets (Table 2) . For all thirteen datasets both MECjtt and M model showed significantly higher maximum log-likelihood values compared to the E model ( Table   1 ).
The M+ model is a variant of the M model, in which instantaneous substitutions between pairs of codons that differ at two or three codon positions are allowed. Comparing the M and the M+ models shows that allowing such substitutions significantly improves the likelihood in nine out of thirteen datasets for the beta+ω prior distribution (Table 1) , and in eleven out of thirteen datasets for the gamma prior distribution (Table 2) . In some cases, the M and M+ models differ in more than 100 points of likelihood, showing that taking into account multiple instantaneous substitutions between pairs of codons is not an artifact of over-parameterization, but rather reflects the substitution pattern in the data.
The MECjtt is superior to the M+ model in eleven of the thirteen tested datasets for the beta+ω prior distribution (Table 1) , and in ten of the thirteen datasets for the gamma prior distribution ( Table 2) . The difference in log likelihood scores between these model was sometimes larger than 100. Thus, integrating the empirical amino acid replacement probabilities into codon models significantly increases the fit of the model to the data.
Context Dependent Models
The mitochondrial and chloroplast genomes are known to evolve under different selection pressures than nuclear genes, as indicated by the observed differences between the empirical mitochondrial (Adachi and Hasegawa 1996) and chloroplast (Adachi et al. 2000 ) matrices compared to the standard empirical matrix (JTT; Jones, Taylor, and Thornton 1992 (Table 4 ). This point is further addressed in the discussion.
Site Specific Ka/Ks of the HIV-1 Protease
To illustrate the potential of the MEC model, we focused on the inference of site specific selection forces of the HIV-1 protease. HIV-1 protease is an essential enzyme for viral replication and is the target for design of anti-viral drugs (Peng et al. 1989; Flexner 1998 ). The enzyme is an aspartic protease composed of two identical 99 amino acids monomers. Specific and well characterized patterns of drug resistance mutations are associated with a variety of protease inhibitors (Condra et al. 1996; Molla et al. 1996; Craig et al. 1998; Patick et al. 1998) . Such mutations are divided into two categories: primary resistance mutations, located at the substrate cleft, and secondary mutations, located elsewhere in the enzyme. Primary mutations generally reduce the inhibitor binding, whereas secondary mutations may compensate for the decreased kinetics inflicted by the primary mutation, or confer resistance by altering enzyme catalysis, dimer stability, inhibitor binding kinetics, or by re-shaping the active site through long-range structural perturbations (Ho et al. 1994; Molla et al. 1996; Erickson, Gulnik, and Markowitz 1999; Barbour et al. 2002; Muzammil, Ross, and Freire 2003) . It is assumed that such drug-resistance conferring sites are highly correlated with sites showing Ka/Ks values significantly greater than 1 (e.g., Chen,
Perlina, and Lee 2004).
We used the MEC model to study drug resistance of HIV-1 protease to a specific protease inhibitor, APV. Twenty two sequences of protease were analyzed (see dataset). The ω parameter was assumed to follow a gamma distribution. Tree topology was constructed by the neighbor-joining algorithm (Saitou and Nei 1987) .
As input for the neighbor-joining algorithm, pairwise distances were computed replacements are observed. Although site 82 is reported to be responsible for APV drug resistance, V to I mutations are not cited as APV drug resistance related (Shafer, Kantor, and Gonzales 2000) . Thus, the positive selection in this site might be explained by an adaptive response to other factors such as the immune system, rather than a specific response to APV.
Five sites that are reported in the literature as drug-resistance conferring sites
were not detected as undergoing positive selection. These sites (84, 46, 47, 32 Ka/Ks = 1.3 however, it was not statistically significant (posterior probability of 0.84).
In addition to predicting positive selection forces for sites that are known to confer drug resistance, we also predicted two sites ( 
DISCUSSION
To date, the majority of codon models are either based on theoretical assumptions or on empirical data. The model which we have developed here combines between these two approaches. Analysis of a wide variety of datasets shows that using a combined model has a large impact on the likelihood. On average, there was a difference of 122 points between the log-likelihood under the MEC models and the log-likelihood under the M model, with some datasets showing a difference of as many as 300 points. The majority of the mechanistic codon-models disallow instantaneous substitutions between codons that differ at two or three codon positions. The underlying assumption is that the probability for more than one codon position substitution in a small time interval may be negligible. Thus, for example, the rate of 20 change between codon ATG (codes for methionine) to TTT or TTC (both code for phenylalanine) equals zero. However, empirical amino-acid models such as JTT allow the instantaneous change between amino acid methionine to phenylalanine, which requires two substitutions in two codon positions. The superior performance of the M+ over the M model for the majority of the datasets suggests that the process at the DNA level may cause interdependence of substitutions at the three codon positions.
This observation was previously pointed out by Yang, Nielsen, and Hasegawa (1998) .
Our model assumes that each site evolves independently of the other sites.
However, this simplifying assumption is clearly not the case. Models that take into account dependencies among sites often assume dependencies only among adjacent positions (Yang 1995; Felsenstein and Churchill 1996; Stern and Pupko 2006) . Effort is also directed to integrate structural information into the evolutionary model, thus introducing relationship between nonsynonymous substitutions and protein structure (e.g., Robinson et al. 2003) . One approach toward this goal involves using a threedimensional window for detecting the selection forces acting on the protein (Suzuki 2004a; Berglund et al. 2005) . In another approach, the substitution model is constructed so that the tertiary structure is taken into account by using the empirical energy functions (or statistical potentials) (Parisi and Echave 2001; Robinson et al. 2003; Rodrigue et al. 2005; Rastogi, Reuter, and Liberles 2006) . Using these functions, nonsynonymous substitutions rate depends on its effect on protein stability.
Models that take into account three-dimensional structural information, as well as context dependant models accounting, for example, for proteins' secondary structures, are not often used. It is hoped that the large increase in available protein structural information and the development of efficient algorithms for integrating such information into evolutionary models will boost the utility of such models in any 21 phylogenetic analysis of protein coding sequences.
A few methods were developed to detect positive selection operating on a specific lineage along a phylogenetic tree (Fares et al. 2002; Yang and Nielsen 2002; Berglund et al. 2005; Pond and Frost 2005) . Since positive selection operates only on a few sites in short period of evolutionary time (Siltberg and Liberles 2002) , methods that allow Ka/Ks ratio to vary both among sites and among lineages have better power in detecting positive selection. Relaxing the assumption of homogenous selection pressure among lineages can be easily accommodated in our suggested models by allowing ω to vary among branches.
Codon models are important not only for the inference of selection, but should also be applied for other phylogenetic based application. Absurdly, while most phylogenetic trees are reconstructed based on coding DNA sequences, the most realistic codon-based models are rarely used. This is also the case for ancestral sequence reconstruction, molecular dating and the construction of multiple sequence alignments. In this sense, the codon models suggested here, which explicitly take into account variation of substitution rates between different amino acids, may be more suitable for these tasks. Furthermore, with the advent of more sophisticated algorithms for constructing amino-acid replacement models (e.g., Muller and Vingron 2000; Muller, Spang, and Vingron 2002) , our approach becomes more feasible for computing a codon-based model for a specific kind of data. from matrix A is converted to its corresponding codon substitution rates (marked in grey). 
TABLES
Flap region
Cleft region
